ABSTRACT: Herding investment behavior on stock markets has consequences for practitioners, theorists, and policy makers. Thus, empirical research on this topic in the last couple of years has grown exponentially. However, there exist only a few papers dealing with herding behavior that consider the Croatian stock market. This study employs the quantile regression approach of estimating several herding investor behavior models of this market for the first time in the literature. Based upon daily data for the 37 most liquid stocks in the Zagreb Stock Exchange (ZSE) for the period September 22, 2014 to May 8, 2018, several model specifications are determined using quantile regression. Because the quantile regression approach deals with specific characteristics of financial data (stylized facts) better than the OLS method, more robust results can be achieved for evaluating if herding behavior is present in the Croatian market. The results indicate very weak to almost nonexistent evidence of herding behavior in the ZSE. Moreover, market volatility does not have any effect on herding behavior. Finally, the economic and political crisis (regarding concern Agrokor) in 2017 was controlled for in the model and the crisis was found insignificant. It seems that herding behavior does not need to be taken into account when tailoring investment strategies on the ZSE.
Introduction
In the past 20 years, the research on herding investment behavior has grown exponentially. The studies of Christie and Huang (1995) and Chang et al. (2000) are probably among the most cited papers with empirical research measuring herding behavior as well as estimating its variability under different stock market conditions. The most common approach to empirically evaluating herding behavior in a stock market is ordinary least squares (OLS) estimation using one of several popular models. Newey and West (1987) corrections of the estimated variance-covariance matrix are sometimes made if autocorrelation and/or heteroskedasticity are present in the data. However, OLS estimation, in general, focuses on the expected mean of a dependent variable. On the other hand, characteristics of financial data and financial markets (known as stylized facts) are different from other economic variables (Franses and Dijk, 2000; Guidolin and Pedio, 2018) . Thus, OLS estimation is not always the best method of estimating a financial model due to the strong variable distribution assumptions that OLS requires, and because OLS focuses only on the conditional mean. A natural extension to OLS estimation is quantile regression (QR), a semi-parametric method of estimation which evaluates the whole distribution of the dependent variable (not only the mean). QR is robust to outliers in data and asymmetries as well as to non-normality, and it deals with heteroskedasticity in data very well (for a detailed discussion, see Koenker (2005) , Davino et al. (2013) ). Thus, its popularity has increased for finance applications in the last couple of years because it deals efficiently with characteristics of financial data.
Because herding investment behavior is mostly linked to extreme market movements (detailed results and an overview will be given in the next section), QR can be employed to successfully evaluate the nature of herding behavior in the lower and upper tails of distributions of the dependent variable in the model (see also Lobäo and Serra, 2002; Voronkova and Bohl, 2005; Tan et al., 2008) . In this way, detailed insights into investors' behavior can be provided. This is relevant for individual investors and investment funds in order to exploit possible profitable investment strategies, for academic theoreticians and their developments of asset pricing theories, as well as for economic policy makers who try to stabilize the development of financial and stock markets in particular. Existing research on developing stock markets, as well as on Central and Eastern European (CEE) markets, is scarce. The majority of the studies in the literature use OLS in order to estimate simpler forms of the herding behavior model. Only a few exist which apply QR to explore such investment behavior on different markets, and this is especially true for the CEE markets and, in particular, the Croatian market. However, to the best of this author's knowledge, the augmented model of Chiang et al. (2013) has not yet been applied to the Croatian market. Another contribution of this study is the comparison of the QR estimates of the coefficients and their confidence bands across quantiles with the OLS estimates. This has rarely been done in the existing literature, and provides immediate insight into whether there are differences between these estimation methods.
Finally, another gap in the literature is the lack of reports of the effect of the Agrokor crisis in Croatia since 2017 on investor herding behavior. Agrokor is one of the biggest concerns in Croatia and South-East Europe. It consists mostly of large retailers, newsstands, meat producers, and agricultural-industrial companies in Croatia. Thus, controversies around this concern, which are still ongoing, have surely affected the Croatian stock market due to several listed Agrokor stocks.
2 Some of these were suspended from trading in March 2017 due to a sharp decline in their prices as a result of political events at the beginning of that year. Thus, the purposes of this paper are to empirically evaluate the herding behavior of investors in Croatia, to test for asymmetries in such behavior, and to see if the Agrokor crisis has affected this behavior. The paper is structured as follows. Section 1 reviews previous relevant literature on herding behavior; three subsections explore the theory and its empirical applications in mature and developing markets. Section 2 describes the methodology used in this study. Results of the empirical research are given in Section 3. The last section concludes the paper with recommendations for future research.
Previous Research

Theory of Herding Behavior
An enormous amount of literature has dealt with the theoretical reasoning behind herding behavior. The most cited research includes studies by Scharfstein and Stein (1990) , Devenow and Welch (1996) , Cote and Sanders (1997) , Bikhchandani et al. (1998) , Christie and Huang (1995) , Hirshleifer and Teoh (2001) , Rook (2006) , and Tan et al. (2008) . Herding behavior "arises when investors decide to imitate the observed decisions of others or movements in the market rather than follow their own beliefs and information" (Hwang and Salmon, 2004) . Some other definitions include "doing what everyone else is doing, even when one's private information suggests doing something else", the obvious intentions of investors to copy the behavior of others, suppressing one's own beliefs and basing investment decisions upon collective actions of the market (Banerjee, 1992; Christie and Huang, 1995) . Explicit explanation of herding behavior dates from the works of behavioral economists such as Kahneman, Tversky, and others, but the idea dates back as early as Keynes (1936) who theoretically posited that investors would follow others solely because of their fear that contrarian behavior on the market would damage their reputation. However, explanations of this behavior have become more promoted in the late 1990s and early 2000s.
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The explanations can be divided into two main groups: institutional versus individual investor herding behavior and rational versus non-rational explanations. Institutional investor herding is explained in depth in studies by Shiller and Pound (1989) and Lakonishok et al. (1991 Lakonishok et al. ( , 1992 , where it is explained that such investors have more information about each others' trading activities. Moreover, because investment managers are evaluated against one another when decisions are made about their compensations, those managers do not want to be singled out for not having portfolios similar to those of others. Individual herding is explored in Merli and Roger (2013) , Barber et al. (2009), and Venezia et al. (2011) , where it is noted that herding among individuals is stronger compared to that among institutions as well as being more persistent and highly correlated to market volatility.
However, the vast majority of published studies concern the rational versus non-rational group of explanations. Rational explanations include information-, reputation-, and compensation-based herding. Information-based herding is based on a relative lack or excess of information compared to other market participants (imperfect information) and, basically, that information cascades occur on the market itself (Bikhchandani and Sharma, 2001) .
4 Often, one group starts to follow another group, despite having information which could indicate different outcomes. However, new information shocks can disrupt those cascades. Sometimes, this type of herding is called cascade herding (Devenow and Welch, 1996) . In these situations, investors often ignore their own beliefs about future movements of the market. Reputation-based herding (or principal agent theory-based herding) is based on managers 'staying in the herd' and having similar performance to others because they want to hedge themselves against bad performances on the market. However, by doing so, they also lose above average gain potential (Scharfstein and Stein, 1990) . If an individual investor/manager makes a bad investment decision, he/she loses some of his reputation. On the other hand, if a group of investors all make the same bad investment decision, no one is singled out and individual managers are not held responsible. This was discussed by Keynes (1936) , who noted that it may be better for one's reputation to fail in a conventional way rather than succeed unconventionally.
Compensation-based herding also refers mostly to managers. Trueman (1994) explains that analysts make similar forecasts to each other based upon already published ones. In that way, those who have lower abilities just mimic the actions of others in order to get the same results and thus, compensation. Differently said, a manager's performance is measured compared to other professionals in the market. Thus, they are motivated to mimic others in the market in order to receive adequate compensation (Bikhchandani and Sharma, 2001 ).
Non-rational explanations are often based on psychology. Devenow and Welch (1996) state that investors feel more secure by blindly following others; Lux (1995) uses the expression "contagion of feelings" to explain conformity; Hatfield et al. (1993) and Barsade (2001) found evidence that emotions are contagious and this affects behavior. Some investors follow others and "hide in the herd" due to having a sense of security if they follow the majority (Goldbaum, 2008) . Irrational herding is also linked to the theory of noise trading (see DeLong (1990); DeLong et al. (1991) ). For further discussion of this topic, see Cote and Sanders (1997) , Rook (2006) , and Spyrou (2013).
Empirical Research Overview: Mature and Developed Markets
In examining the literature, we see that the early papers empirically evaluated more developed markets such as those in the United States, the United Kingdom, Germany, etc. 5 A review of this early work can be found in Lobäo and Serra (2007) . In the last several years, emerging and frontier markets have been explored as well. Empirical results are divided based on the level of development of the markets examined in the studies. Most of the research uses daily data and the OLS method of estimation (with standard error corrections). Recently, some studies have used methodologies other than the OLS, but not QR approach as well (e.g., Markov switching in Bohl et al. (2013) , threshold regression in Saumitra (2012) ). The research approaches have included dividing the whole sample into subsections related to the events such as a financial crisis. Moreover, some of the research uses individual investor portfolios and individual stock level data, another part observes sector index data, and still another part uses portfolio and/or investment fund level data. Which type is used depends upon not only data availability, but on the researcher's specific questions as well. Summarized results are given in Table 1 , where we see that the original model (defined in formula 3) has been tested in the majority of cases. Depending on the time span used, researchers have found different results and reached conclusions for the same market. However, when herding behavior is found, it is often in more extreme market movements (especially when markets go up).
Empirical Research Overview: Developing and Frontier Markets
This section will give an overview of recent papers relevant to this study, specifically studies examining CEE and other markets with similar characteristics to the Croatian market. The literature on herding investor behavior today is very large, so the focus here is on that research which is most closely linked to the Croatian market and the application of QR. In recent years, research on developing and emerging markets has grown rapidly. Much research has been focused on Asian markets, due to the Asian financial crisis in the late 1990s. A good overview of the Asian and Latin American markets is given in Chiang and Zheng (2010) ; on Pacific Basin markets in Chiang et al. (2013) ; and on different markets around the world in Garg and Gulati (2013) and Chen et al. (2017) . Moreover, the theoretical models of Christie and Huang (1995) and Chang et al. (2000) have been extended in recent years: Chiang et al. (2013) add conditional return volatility to the original herding model of Christie and Huang (1995) ; Yao et al. (2014) modified that original model from 1995 to reduce multicollinearity and heteroskedasticity. New measures of herding behavior have also been developed Salmon, 2004, 2007) . The majority of empirical studies have used daily data. Other frequencies are used less often. In some cases, when researchers have included other frequencies, the results indicate herding behavior only in the daily data. See Caporale et al. (2008) , for an explanation of these results as a short-term phenomenon.
If we focus on markets similar to Croatia (small, problems with liquidity, emerging CEE markets) and research which employs QR methodology in observing herding behavior, a few conclusions can be drawn. The main findings are summarized in Table 2 . We see that the QR method of estimation has emerged only in the last couple of years. The majority of the findings indicate that herding is present in stock markets, especially when the market goes up. However, when comparing estimated parameters across quantiles, herding is found to be an exception, not the rule. This means that the OLS estimation of herding behavior could lead potentially to spurious conclusions across the whole distribution of the herding variable. The Croatian stock market was examined by Pochea et al. (2017) using the QR method and byŠkrinjarić andŠego (2018) using maximum likelihood general autoregressive conditional heteroskedasticity (ML-GARCH). The study of Pochea et al. (2017) found that herding in the Croatian market is an isolated phenomenon at the 25% quantile, with some asymmetries regarding effects of trading volume and volatility on herding behavior. The research ofŠkrinjarić andŠego (2018) focused only on the Croatian market, implemented 26 different specifications of the model, and confirmed the previous results. However, these two existing studies did not employ some of the models which will be used in this study, nor was there any assessment of the Agrokor crisis. Christie and Huang (1995) defined investor herding as the observed cross-sectional dispersion on the stock market as given by:
Methodology
where CSSD t denotes the cross-sectional standard deviation at time t, r j,t the return on stock j at time t, and r m,t the market return at time t, j ∈ {1, 2, ..., n}. The rationale is in the definition of investor herding: investors observe the actions of others and follow them despite their own beliefs. Thus, the dispersion around the market return is small and the measure given in (1) is smaller with greater herding. Chang et al. (2000) redefine the herding measure using the cross-sectional absolute deviation, CSAD t :
Most of the recent literature uses the measure given in (2), due to it being more robust to outliers in the data.
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The original model of herding behavior is as follows:
where it is assumed that in a rational asset pricing model, a linear relationship between market return and CSAD exists (positive value of parameter β 1 ). Moreover, if herding occurs during extreme market movements (denoted with the squared market return), then the value of parameter β 2 should be negative. The variable ε t is the error term; when estimating model (3) using the OLS method, it is assumed that ε t ∼ N (0, σ 2 ). Because return series are used in the empirical research, this assumption is usually violated. Thus Newey and West (1987) corrections of the variance-covariance matrix of error terms are made, or the GARCH specification is added to the model as well. Chiang et al. (2013) extended model (3) to the following specification:
where the cubed market returns term, β 3 r 3 m,t , represents the product of the r 2 m,t and r m,t terms, interpreted as the interaction of herding behavior with the market return. This is based on evidence of and arguments regarding prevailing market returns (DeLong, 1990; DeLong et al., 1991; Sentana and Wadhwani, 1992) : positive feedback traders will sell (buy) stocks in a falling (rising) market and the opposite is true for negative feedback traders. This was also observed by Friedman (1953) , and other research finds this to be true (Goodfellow et al., 2009; Holmes et al., 2013; Gavriilidis et al., 2013) .
The interaction of the squared return and conditional volatility (σ 2 t ) is based upon arguments in Butler and Joaquin (2002) and Forbes and Rigobon (2002) : the herding (i.e., cross-market correlations) is smaller when market volatility is small. This was observed empirically, such as in Economoua et al. (2010) and Holmes et al. (2013) .
Conditional volatility is estimated in the first step with the GARCH model specification and used in the second step to estimate model (4). If the value of β 3 is positive, then herding is smaller in a downward market; a negative value means that herding is smaller in an upward market. A similar result is interpreted for the value of β 4 (a positive value means that herding decreases as volatility rises and vice versa). Model (4) has not yet been examined on CEE markets, especially Croatian, even without the inclusion of QR methodology. Yao et al. (2014) defined the following model:
to reduce multicollinearity and autocorrelation, where r m is the expected market return.
Binary variables are often added in various specifications of herding models in order to measure asymmetries in bull and bear markets, and to include effects of some shocks such as the global financial crisis of 2007/2008 or some local crisis (such as Agrokor in Croatia). That is why models (4) and (5) will be extended as:
where
The inclusion of the binary variable for up and down markets is not needed in this specification of the model due to the inclusion of the cubed value of market returns and the volatility interaction. However, model (5) needs the inclusion of the second binary variable as well:
Now, in models (3)- (7), a quantile regression specification is added. Quantile regression has advantages over the least squares method because QR can deal with different types of variable distributions; it does not focus only on the conditional mean of the dependent variable; different effects of variables in the model can be extracted which cannot be done when using OLS; QR is more robust to outliers in data; and, if the data is non-normal, then QR estimates are more precise compared to OLS estimates. We follow Koenker and Bassett (1978) , Koenker (2005) , and Davino et al. (2013) in describing the methodology. A linear quantile regression model is given by the following:
where β k (θ) is the k-th unknown parameter at the θ-th quantile, k ∈ {0, 1, ..., K}. Model (8) is estimated at the θ-th quantile, Q θ (y|X), 0 < θ < 1, via the minimization problem given as:
arg max
We observe that the optimization problem in (9) is a weighted sum of absolute deviations of estimated values from the real ones. The usual procedure to minimize the expression in (9) is by using a linear programming model. The goodness of fit of the model is measured at each quantile with pseudo-R squared, calculated as the difference between the residual and total absolute sum of weighted deviations:
Of course, the pseudo-R squared cannot be compared to the regular coefficient of determi-nation because the pseudo-R squared measures goodness of fit only at the θ-th quantile. Because this method is semi-parametric, statistical inference based on estimated values of parameters in the model can be made after a bootstrapping procedure us used to estimate the standard errors of the beta parameters. Two of the most commonly used bootstrapping procedures are the xy-pair method and the MCMB (Markov chain marginal bootstrap). The usual Wald test can be conducted to test for any linear hypothesis in the model, including the test for asymmetries across quantiles. Thus, all the herding models described above will be estimated using the QR approach at the following quantiles: 0.01, 0.05, 0.1, 0.25, 0.5, 0.75, 0.90, 0.95, and 0.99. The extreme quantiles are included in order to observe herding behavior in the tails of the herding variable distribution. Because Christie and Huang (1995) state that herding is more prominent during extreme market movements, extreme quantiles are observed to get more insights about these situations. The results are given in the next section.
3 Empirical Results
Croatian Stock Market Characteristics
The Croatian stock market is a relatively young market, having started in 1997. Detailed analysis of the legislation and its effects on the Zagreb Stock Exchange (ZSE) is given inŠeba (2017). This research concludes that the legislation did not serve to develop this market and, today, the ZSE is mostly a platform for institutional investors. The value of the official stock market index CROBEX, the total capitalization, and the number of transactions were stagnating until 2003. Afterward, all the series showed an increased growth until the last financial crisis in [2007] [2008] (Figures 1 and 2) . A mild recovery of the ZSE in 2010 ended the next year, and it has stagnated ever since. Before the financial crisis, the Croatian stock market was bigger than the Romanian and Baltic markets combined (considering market capitalization). This was due to initial public offerings (IPOs) of some of the biggest companies in Croatia (HT, Atlantic Group, Ingra, Magma and Optima; Zagreb Stock Exchange, 2006 Exchange, , 2007 Exchange, , 2008 . Skrinjarić and Besek (2014) analyzed the stock market capitalization within the total capitalization.
7 The results showed that investors' euphoria and IPOs contributed to the development of the market before the crisis. The stock capitalization showed a negative trend after 2008 andŠkrinjarić and Besek (2014) concluded that this was a result of the introduction of new structured securities and investors' prudence (investing more into bonds). Jošić (2006) adds that the beginning of the negotiations with the European Union in the early 2000s have positively affected the development of the market as well. The Croatian market today is shallow. For example, in 2013, the most liquid stocks have constituted almost 60% of the total market capitalization (the clustering of liquidity is seen only in big company stocks, such as the above mentioned HT and Atlantic group, as well as the IGH institute and Dalekovod).
Another problem is the illiquidity of the market. This is especially true for the period after the crisis. In the last year (2017), the total number of traded securities on the ZSE (including bonds and other types of investments) was 184, with many companies withdrawn from the stock market itself. Vidović (2013) examined whether investors are rewarded for the illiquidity premium on the ZSE. The results of the analysis indicated a negative answer.
Data Description
For the purpose of empirical study of the Croatian market, daily data on prices of 37 stocks and the value of the stock market index, CROBEX, were collected from the Zagreb Stock Exchange (2018) for the period September 22, 2014 through May 8, 2018. The sample is restricted due to using liquid stocks (illiquid stocks are a problem prominent on the Croatian stock market). Because there are not many stocks to choose from on the ZSE, stocks which were traded at least 30% of the time in the observed period (at least 272 days in total) are used in the sample. If this criterion was higher, e.g., 60%, then only 25 stocks would have been left in the analysis. For the value of 75% only 17 stocks would be used, and there would be only 9 stocks that were traded at least 90% of the time. Thus, when the ZSE is being empirically evaluated (regardless of the area which is being researched), the usual practice is to pick the liquid stocks which have been most frequently traded. The stock market return is constructed based on stocks which constituted the index CROBEX in each official revision. This means that not all the 37 stocks constituting this index are in the whole sample. Returns for each stock price were calculated as continuous returns. The CSAD t value was calculated as defined in formula (2). The augmented Dickey-Fuller (ADF) and Zivot-Andrews structural unit root tests were performed for the deviation variable and market return series. All the tests (also controlling for the drift, and for the drift and trend) reject the hypothesis of unit root (with a structural break in the case of the Zivot-Andrews test).
8 The conditional variance of the market returns was estimated using a GARCH (1,1)
process with the assumption of Student's distribution and an ARMA(1,1) process of market return series. 9 A binary variable was constructed in order to control for the Agrokor crisis, which became publicly prominent at the beginning of March 2017. Agrokor's stocks were delisted from the Zagreb Stock Exchange at the end of April 2017. Thus, the first binary variable is equal to 1 for the period from March 1, 2017 to April 30, 2017 and 0 otherwise. The second binary variable was constructed to control for the market going up or down, with the variable being equal to 1 if the market return is greater than 0 on day t and 0 otherwise. Descriptive statistics were determined for the CSAD variable in the observed period to additionally confirm the need for using the QR method. Skewness of the CSAD variable is equal to 18.24 and the Jarque-Bera test rejects the normality hypothesis at the usual levels of significance (test statistic value is equal to 10019.16). The coefficient of autocorrelation for the CSAD variable is equal to 0.58 at lag 1, and is statistically significant at the usual levels (test value in Ljung-Box test is equal to 313.83). This justifies including the lagged value of the dependent variable, as is done in model (5). Moreover, the QQ-plot of the herding variable and its comparison to the normal distribution confirms the results of the Jarque-Bera test (Figure 3) . Additionally, the asymmetry compared to the median value of the CSAD is examined in Figure 4 , where it can be seen that major discrepancies exist when comparing the upper and lower tails of the distribution. This justifies the use of QR methodology to explore herding behavior on the Croatian market.
The Agrokor Crisis Explained
Inclusion of the binary variable for the Agrokor crisis is due to the size of this concern and the current political events and problems surrounding it. At the end of 2016, Agrokor employed more than 58,000 people in the Balkan area, with a significant drop to 52,500 people in 2017 (Agrokor 2016 (Agrokor , 2018 . The spread of Agrokor to other countries in the 2000s was significant, based on acquisitions in Serbia, Bosnia and Herzegovina, Hungary, and leading up to the final bigger acquisition in Slovenia at the beginning of the 2010s.
Controversy among investors arose due to Agrokor's high indebtedness when Slovenia's Mercator was bought in 2014. Through the 2010s, Agrokor's growth and operating profit growth rates were lower than the borrowing rate. The increasing market shares of Lidl and Kaufland (small retailers) were also affecting the total business of this concern. And moreover, the economic crisis lasted in Croatia from 2008 until 2014, which affected the revenues of Agrokor as well (Klepo et al., 2017) . At the end of 2016, due to Agrokor's inability to pay back debts, the Croatian Bank for Reconstruction and Development granted it new loans. The public was more concerned at the beginning of 2017, when the credit agency Moody's lowered the rating of Agrokor from B2 to B3 (this was a first major negative news about Agrokor which got public). In February 2017, the rating was lowered once again.
Chain events were triggered afterward, mostly political. These included the appointment of a new extraordinary commissioner for the concern, and new legislation, called lex Agrokor.
In March 2017, the Croatian government and Agrokor's representatives met regarding the problems. The Speaker of the Croatian Parliament, Božo Petrov, resigned from his position due to his disagreements with the rest of the Parliament and Petrov submitted criminal charges against the Agrokor Management Board. Newspapers got hold of e-mail communications between some members of the Croatian government and Agrokor's top people which exposed that some people in the Government knew what was going on. Since then, more data and information has become available, including that Agrokor used shadow banking (using unsecured bills of exchange; see Klepo et al. (2017) ). The Agrokor companies with stocks on the ZSE saw their prices drop significantly in March and April of 2017.
The uncertainty regarding the Agrokor situation spilled over into the ZSE, with the food sector index dropping in value by 45.1% in 2017 45.1% in (ZSE, 2018 . Some of the greatest decreases in Agrokor stock prices in 2017 were: Ledo (-97.31%), Jamnica (-97.23%), Zvijezda (-97.02%), Pik (-96.3%), Vupik (-90.89%), and Tisak (-88.39%). The transaction volume rose greatly on the ZSE in March due to selling of those stocks: the total volume increased by 41%, and offering volume increased by 37% because investors wanted to get rid of the stocks. The total market index, CROBEX, dropped in value by 10% and the revision of the food sector index excluded all of the Agrokor's stocks.
Because of all these problems, Agrokor's stocks were withdrawn from the ZSE at the end of April 2017. Moreover, Hanfa (the Croatian financial services supervisory agency) surveyed what was going on at the ZSE and demanded that trading of those stocks be stopped due to the total macroeconomic effects of Agrokor's crisis (Hanfa, 2017) and the visible effects on factoring companies as well (there was a decrease of 56.5% in the value of their assets).
Analysis by the Croatian National Bank reveals that the country experienced a slowdown in economic growth in the second quarter of 2017, due to uncertainties around the Agrokor concern, as well as a decrease in consumer confidence in April of that year. The crisis due to the problems surrounding this concern affected the dispersion around the market return, increasing it in March and April 2017. As a result of investors getting rid of Agrokor's stocks and some speculative attacks made on the ZSE, some sectors experienced a significant drop in index values (e.g., food) and some experienced great growth (e.g., tourism).
This research assumes that the Agrokor crisis had a significant impact on the CSAD variable, as well as on herding. This is based on Devenow and Welch (1996) who proposed that herding can be irrational at a single point in time, such as when a large decline in stock prices causes investors to instantly sell stocks in order to avoid great portfolio losses and without having done any analysis of the situation.
Estimated Models Results
The original model given in equation 3 with the binary variable D 1,t was estimated using both OLS and QR methods to obtain initial insights into the relationship between market returns and dispersion. Detailed results are given in Table 8 . It can be seen that the linear relationship exists in lower quantiles (up to the median) and, afterward, the coefficient β 1 becomes statistically insignificant. Thus, the CAP M assumption of the linear relationship between risk and return is questionable on the Croatian market. The value of β 1 differs across quantiles: it ranges from 10.327 to -44.239. However, none of the estimated parameters on different quantiles are significant, meaning that very weak evidence on nonlinearities exist if we observe this model. Finally, the effects of the Agrokor crisis are present only in quantiles from 50% to 90% with positive estimated parameters (contributing to greater dispersion around the market return).
A graphical comparison of estimated values of the parameters of model (3) is shown in Figure 4 . The 99% quantile was excluded because it is significantly different from the other quantiles and it disables the clear visualization of the other quantiles. The full representation of Figure 3 with the 99% quantile included is given in the appendix in Figures 5 and 6 . Red lines denote the OLS estimation (solid line) with its 95% confidence bands (dashed lines), and black lines denote the estimates using the QR method. It seems there are no differences between the estimations with OLS and QR on any quantile with the exception of the 95% and 99% quantiles. Initially, it could be concluded that there do not exist significant differences between the two methods of estimation for the majority of the quantiles for both variables in the model. However, this original model ignores the effects of different market conditions (bull vs. bear markets), possible autocorrelation, effects of volatility, etc. That is why the QR specifications in equations (6) and (7) of the herding model have been estimated. The results are shown in Table 3 , while graphical representations of the parameters are given in the appendix in Figures 7-16 . By observing Table 3 , top panel, regarding model (6), we see that in the OLS specification only the variable cubed market returns was significant (at the 10% level of significance, indicating borderline significance). Thus, the validity of this model could be questionable from the OLS viewpoint. By adding a richer structure using the QR methodology, several conclusions can be drawn. First, the same variable-the cubed value of market returns, is insignificant for all quantiles. This means that the sign of the market return did not affect herding in the observed period on the ZSE. Parameter β 3 is negative only in the highest quantiles (95% and 99%), meaning that at the highest quantiles, the herding behavior is somewhat greater in an upward market (showing a bit more consensus in the market). This is in line with previous results regarding Croatia; however, here we do not find enough statistical evidence in favor of herding. Second, it is noticeable that the interaction effect between market return and volatility, β 4 , is large for all quantiles, and β 4 has positive values for almost all. Although the sign is in line with previous research (such as Forbes and Rigobon (2002) and Venezia et al. (2011)) , the values, once again, are not significant.
The mixed results for the quadratic term of market returns (parameter β 2 ) confirm previous conclusions in literature that this variable cannot by itself capture non-linearity in the model (Kabir, 2018) . Finally, the Agrokor crisis has affected herding only at the 50% and 90% quantiles, with the effect being positive (values of β 5 ). This could be interpreted more as coincidence rather than actual effect. These results are in line with some previous findings which have also failed to detect herding (Chang et al. (2000) and Caparrelli et al. (2004) ; Pochea et al. (2017) for Croatia).
The results of the estimating model (7) are given in the lower panel of Table 3 . Again, the linear part of the model and the squared term of market returns lead to similar conclusions; they are not significant in the model due to their inability to fully capture the herding behavior in the market (see columns for β 1 , φ 1 , γ 1 , and φ 2 ). Only when the dispersion is quite low (from the 1% up to the 10% quantiles), the absolute value of the market return when the market goes down has somewhat (positive) effects on the dispersion. The lagged value of the dispersion variable is the only significant one for all quantiles, regardless of the market conditions (see columns for γ 2 and φ 3 ). Although Pochea et al. (2017) estimated the model with the inclusion of the lagged value of the CSAD variable, they did not separate the effects of up and down markets. The novelty in this study is distinguishing those effects when the market is bearish and bullish in order to test if differences exist. Although in the literature a lagged dependent variable is added to reduce autocorrelation in the data, the parameter of that variable can be interpreted as how persistent the behavior of that variable is through time. The column with the parameter γ 2 ) refers to bull markets; bear market conditions are captured in the column with parameter φ 3 .
Across all quantiles, both parameters are positive, which means a positive autocorrelation exists in herding behavior. Thus, when dispersion on day t is low, it is more likely to be low the next day. To see if the parameters for the bull and bear markets are equal (i.e., a symmetry test), a Wald test was performed for each quantile. The results are given in Table  4 . We see that in extreme quantiles of the dispersion variable some persistence exists. Finally, the effect of the Agrokor crisis in such a setting is, again, not significant in the model. This is not unexpected; some research has found that in a crisis period when markets go down there is actually less herding, although this is contrary to many previous findings (see Choe et al. (1999) or Hwang and Salmon (2004) ).
Additionally, models with the inclusion of the Agrokor binary variable in interaction with the squared market returns were estimated:
in order to obtain more detailed insights into its effects on herding and the squared market return. The results are shown in Tables 5, 6 , and 7. Again, if significant results are found, it is more often an isolated event rather than a rule. Thus, based on the results from models (11)- (13), it can be finally confirmed that herding on the ZSE is not prominent in the observed period after controlling for markets going up or down, the autocorrelation, volatility, and sign of the changes of the market return itself.
Conclusion
Herding investor behavior on stock markets has received more attention in the last 20 years, especially after financial crises, because it affects practitioners, policy makers, and academics. In order to enhance investment strategies to beat the market or to tailor suitable economic policies and theoretical models, studies into investor behavior on stock markets need to be done. The majority of the existing empirical literature focuses on more developed markets and uses simpler methodologies. However, investor behavior is not always simple or rational, and asymmetries in human behavior exist. As there is not much research on the Croatian stock market on this topic, the purpose of this paper was to fill some of the existing gaps in the literature. The main findings in this research include the following: Herding behavior on the Croatian market (as an example of a small, emerging, and illiquid market) is not observed with the models used in this study. It is slightly more visible when the market goes up, with the greatest effect being visible at extreme quantiles, especially at the right tail of the dispersion variable distribution. However, the results are insignificant; the signs of specific parameters change only when going from extremely low to extremely high quantiles. Due to problems of illiquidity in this market, it is possible that herding is not a common phenomenon on the ZSE. This is in line with the explanations of Devenow and Welch (1996) and previous empirical literature which included Croatia in the analysis. The majority of the examined effects of different variables in the model are not significant, especially around the median and quantiles closer to it. Somewhat different behavior is detected sometimes in some extreme quantiles. However, this can be interpreted as due to chance alone. The only significant behavior was found in the persistence of CSAD variable in markets going up or down. The Agrokor crisis was not found to be significant in affecting herding behavior. This could be because the stocks from that concern were withdrawn so quickly from trading that the effects were not severe.
Some of the shortfalls of this study include the following. A small sample of stocks was included in the study due to illiquidity problems on the ZSE. Only the Croatian market as a whole was observed. And small markets such as the Croatian one could be affected by other markets' movements such as those of the German and other CEE markets. Thus, future research should include spillover effects on herding behavior as well. Also, more insights can be obtained by observing institutional investors and the structures of their portfolios. Thus, more research is needed in that area in the future. Herding is stronger during periods of rising markets in Italy and Greece; in Portugal, herding is prominent in down markets; in Spain, there is no herding. Herding behavior is present in high quantiles; herding is more prominent in turbulent market conditions and in bear marketsasymmetries exist.
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